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[ Abstract] The breast mass segmentation task is to distinguish masses from normal tissues in the region of interest. At present,
commonly used lesion segmentation algorithms mainly include traditional algorithms such as region growth and deep learning
methods such as full convolutional networks. These algorithms all ignore the specificity of mass segmentation. Compared with the
obvious edges in natural scenes, the edges of the breast mass are gradually changing. The annotated edges are not accurate enough.
Pixels mislabeled around the edges will affect the training of the network during the training process. Therefore, this paper proposes
a segmentation algorithm based on erosion loss. The morphological erosion operation is used to generate a mask for calculating the
loss, so that the part around the edge with a high possibility of error does not participate in the loss calculation, and it is combined
into a network with full convolution and conditional random field. The characteristics of blurred edges exist in a variety of medical
images. The method in this paper is universal and can be applied to segmentation algorithms for other medical lesions.
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Fig. 1 Network structure
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Tab. 1 Comparison of segmentation results

Jr ik DICE/ %
E SIS 91.06
R T 91.04
Deep Structure Learning + CNN[4) 90
S BRI ARG T R ) 89.4
TRW Deep Structure Learning'®! 89
Deep Structure Learning>! 87
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Fig. 2 Segmentation instance
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